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wrong this concept was (Figure 1). It is now known thatRobin Callard,*³‖ Andrew J. T. George,*§
and Jaroslav Stark*² most cytokines have multiple and diverse biological
functions. For example, fibroblast growth factor (FGF)*Centre for Mathematics and Physics in the Life
Sciences and Experimental Biology (CoMPLEX) is involved in wound healing and embryonic bone devel-
opment. IL-4, on the other hand, is a key cytokine in T²Centre for Nonlinear Dynamics and Its Applications
University College London cell differentiation, IgE production, and endothelial cell
activation. Many cytokines are produced by more thanGower Street
London, WC1E 6BT one cell type and act on a variety of target cells at
different stages of cellular proliferation and differentia-United Kingdom
³Immunobiology Unit tion. In addition, most cells produce many different cyto-
kines.Institute of Child Health
30 Guilford Street The production of cytokines and expression of cyto-
kine receptors is under tight but complex biological con-London, WC1N 1EH
United Kingdom trol, including negative and positive feedback by the
cytokines themselves. In many instances the outcome§Department of Immunology
Division of Medicine of cytokine signaling is modified by other cell surface
receptor ligand interactions. The relationship betweenImperial College School of Medicine
Hammersmith Hospital cytokines and their specific receptors is also very com-
plex. In most cases, cytokine receptors are made up ofLondon, W12 0NN
United Kingdom two or more different subunits that may be shared with
receptors for other cytokines. For example, the g chain
of the IL-2 receptor is also a component of the receptors
One of the biggest challenges facing biologists today for IL-4, IL-7, IL-9, and IL-15. Many cytokines bind to
is how to integrate the many components that make up more than one receptor, e.g., IL-1, TNF, and IL-4, which
a cell, organism, or ecological community in a way that can have quite distinct patterns of expression and sig-
helps us to understand the function of the whole. This naling functions. The resulting system is a network of
problem has become even more acute with the suc- such staggering complexity that it is a wonder it does
cesses of the human genome project, which hopes to not collapse into complete disarray. Remarkably, it can
identify every human gene within the next 1±2 years. even remain stable when key cytokines are removed
Nowhere is this complexity better illustrated than in the from the network in gene inactivation experiments.
cytokine network. Cytokines are small protein or glyco- Although many details of particular cytokine interac-
protein messenger molecules that convey information tions have been elucidated and the effects of cytokines
from one cell to another. Most are secreted but some on a myriad of cellular functions have been described
can be expressed on the cell surface or held in reservoirs (more than 12,000 papers on cytokines have been pub-
in the extracellular matrix. More than 200 have now been lished in the last year), practically nothing is known about
identified including the interleukins, growth factors, che- the behavior of the network as a whole. This is particu-
mokines, interferons, and a host of others. Most if not larly evident by the lack of progress in understanding
every cell in the body both produces and responds to complex diseases such as rheumatoid arthritis or aller-
cytokines of one sort or another. Amino acid sequence gic asthma by measuring cytokine levels (Woo, 1997;
and structural comparisons have shown that cytokines Barnes and Marsh, 1998) and by the almost universal
can be grouped into at least six different families. The failure to predict the outcome of cytokine gene inactiva-
biggest of these is the family of four a helix bundle tion experiments, for example, LIF (Stewart et al., 1992)
cytokines typified by interleukin 2 (IL-2). All cytokines and IL-2 (Schorle et al., 1991). Perhaps the most impor-
bind to specific receptors expressed on the surface of tant features of the network are nonlinearities in cytokine
the target cell, thereby triggering complex intracellular interactions and the presence of positive and negative
signaling cascades, which ultimately control gene ex- feedback. Complex nonlinear systems commonly have
pression required for the cellular response. Many of the unusual and nonintuitive properties that may include
receptors have also been cloned and their molecular chaotic behavior. These properties make the cytokine
structures elucidated. The receptors can also be grouped network too complex to be understood fully by the con-
into families based on their structural similarities. ventional experimental approach of testing the effects
When they were first discovered less than twenty of cytokines or combinations of cytokines on cells in
years ago it was believed (and hoped) that each cytokine vitro. A complementary modeling approach based on
would convey a unique signal for a defined cellular re- modern nonlinear dynamic is now required.
sponse. This would have made them easy to understand
because each cytokine would be defined by the re- What Is a Nonlinear Interaction?
sponse it evoked. It did not take long to appreciate how In simple terms, nonlinear interactions are those in which
the output is not proportionally related to the input. All
cytokine interactions exhibit nonlinear behavior. Typical‖ To whom correspondence should be addressed (e-mail: rcallard@
ich.ucl.ac.uk). examples are cytokine dose-response curves showing
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Figure 1. Linear and Network Models of Cy-
tokine Action
Linear models of cytokine control of cellular
function (A) have been replaced by network
models (B) that take into account cytokine
interactions.
no effect below certain concentrations followed by an of cytokines in disease. It is particularly relevant for
interpreting the recently described associations be-exponential increase in response with a plateau maxi-
mum response or even reduced response with high cy- tween cytokine and cytokine receptor gene polymor-
phisms and immune function in disease (Mullighan ettokine concentrations (Figure 2). An excellent example
of nonlinearities in cytokine responses was reported al., 1997; Turner et al., 1997; Hobbs et al., 1998; Hurme
et al., 1998).recently for genetic control of TNF production (Amiot
et al., 1997). In these experiments, TNFa secretion in Nonlinear interactions of the sort described above are
familiar to most cytokine biologists, but their implica-response to stimulation with bacterial lipoploysaccha-
ride (LPS) was compared in wild-type mice (TNFa1/1), tions for the behavior of the cytokine network may not
be generally understood. Nonlinear interactions can givemice in which one allele coding for the TNFa and
lymphotoxin (LTa) genes (both are found in tandem on rise to effects even in quite simple systems that are
often counterintuitive, including the unusual propertiesmouse chromosome 17) was deleted (TNFa1/2), and
mice in which both alleles had been deleted (TNFa2/2). of chaos. In more complex systems such as the cytokine
network, nonlinear interactions between the differentAs expected, high levels of TNFa were detected in the
serum of wild-type mice after in vivo administration of components may give rise to rather unexpected behav-
ior that is not always recognized or taken into account.LPS, whereas no TNFa was detected in the homozygous
2/2 mice. Surprisingly, very low levels (60 times lower)
of TNFa were detected in heterozygous 1/2 mice fol-
lowing treatment with LPS, with a corresponding effect Cytokines and Chaos
One of the most important features of nonlinear systemson LPS-induced mortality. As the gene dosage was one
half that of the wild-type 1/1 mice, the much lower is that small changes in initial conditions can be rapidly
amplified to magnitudes comparable to the full dynamicresponse of the heterozygous mice indicated a nonlinear
effect. It was found that the difference between TNFa range of the system. Mathematicians refer to this phe-
nomenon as ªchaosº (or more precisely such sensitiveproduction by monocytes from wild-type 1/1 and het-
erozygous 1/2 mice increased with higher concentra- dependence is one of the main defining characteristics
of chaotic systems). Chaotic behavior can bring bothtions of LPS and over time, from about 2-fold at 4 hr to
20- to 100-fold after 18 hr; a characteristic of a positive advantages and disadvantages. On one hand, if we un-
derstand a chaotic system well enough, we may be ablefeedback loop. Such nonlinear cytokine interactions
have important implications for understanding the role to control it using only very small control actions. This
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in order to have any hope of doing this, one needs to
understand the dynamics of the whole network far better
than we do today.
Complex Dynamics in a Simple Cytokine System
The cytokine network is made up of components that
interact in a nonlinear fashion. It is thus feasible that
complex behavior may occur even from few cytokine
interactions if we look in the right place. In a recent
study, TNFa levels in the aqueous humour (anterior
chamber of the eye) after allogeneic corneal transplants
were found to rise and fall repeatedly over many days
(Chan et al., 1999). At first sight it is reasonable to as-Figure 2. Typical IL-4 Dose-Response Curves for T Cell Responses
sume that such complicated behavior must arise from
very complex control mechanisms, but this may not be
the case. To try and understand the dynamics of thehas already been demonstrated in a wide range of exper-
response, a simple model of TNF regulation was pro-imental systems ranging from lasers to cardiac tissue
posed consisting of only effector cells producing TNFa,(Shinbrot et al., 1993). On the other hand, sensitive de-
regulatory cells producing an inhibitor of TNFa, and anpendence on initial conditions can make the long-term
activation stimulus. When this model was mathemati-behavior of a system difficult to understand and impos-
cally analyzed, different types of behavior were ob-sible to predict. This does not mean, though, that the
served that included steady state production of TNFabehavior is random or nondeterministic. These features
and oscillations depending on the strength of the alloge-can be illustrated with the classic example of the motion
neic signal (Chan et al., 1999). Importantly, as the activa-of the planets and other celestial bodies under Newton's
tion signal was increased, as would be found in alloge-laws of motion. This in fact was the system in which
neic transplants, TNFa levels were found to fluctuatechaos was first discovered by PoincareÂ some 100 years
in a manner that was consistent with the experimentalago and is known as the three body problem. He showed
findings. This example shows that in a real biologicalthat if one took just three celestial bodies whose interac-
(cytokine) system, a small number of simple but nonlin-tions are governed by Newton's laws of motion and let
ear interactions can give rise to very complex behavior.their positions evolve under the influence of gravity,
Even such a simple model may be helpful in expandingtheir behavior could be so complex as to defy complete
our understanding of inflammatory disease. For exam-understanding. In this system, immeasurably small vari-
ple, spiking temperature during infection and other in-ations in the starting conditions of one or more of the
flammatory diseases or the relapsing/remitting nature ofthree bodies may be rapidly amplified and after a short
some immunological disorders such as juvenile chronictime give rise to completely different trajectories. Since
arthritis (JCA) or familial Mediterranean fever (FMF) maywe can never measure the initial position of any celestial
be due to similar cytokine feedback regulation. Under-body (or cytokine concentration for that matter) to arbi-
standing the basis for the spiking TNFa production maytrary accuracy, this means that the long-term behavior
also be important for predicting the best time to initiateof the system is essentially unpredictable, even though
therapy. It was also evident from this analysis that inade-it is deterministic. This is despite the fact that we only
quate immunosuppression may make things worse byhave three interacting bodies and the interactions are
inducing high-level spiking production of TNFa. Thisjust Newton's law of motion (F 5 ma) combined with
aspect of control should be considered in the design ofthe inverse square law of gravitational attraction (which
anti-TNF therapy for diseases such as cerebral malariaprovides the nonlinearity in this case).
and rheumatoid arthritis.At first sight, chaotic behavior of this kind may seem
to be far removed from the functioning of cytokine net-
works. These after all have a fundamental role to play Nonlinear Dynamical Analysis
of the Cytokine Networkin many of the organism's functions and hence cannot
afford to be prone to every tiny perturbation. It has to Our discussion so far has shown how nonlinear interac-
tions may give rise to chaotic behavior in a simple cyto-be stressed, however, that although individual trajecto-
ries in a chaotic system may be very sensitive, the overall kine system of four components (effector cells, regula-
tory cells, TNF, and an inhibitor). The cytokine networkstatistical properties of a chaotic system can be quite
robust. It is thus possible for a system to be chaotic is of course much more complex than this and in general
does not behave chaotically. We would not survive if itand still perform a useful function. Furthermore, there
can be significant advantages to operating in a regime did. How then can this be studied? Clearly the cytokine
network is far too complex to give a detailed analysiswhere nonlinearities give rise to sensitive dependence
on initial conditions, as small properly timed interven- of its behavior in toto, but it is possible to use the tools
of nonlinear dynamics to investigate in detail a subset oftions can give rise to a large but desired effect. In the
context of cytokine networks, this approach may enable the whole network. This approach may allow in time a
picture to be built up of how the network as a wholetherapies to be designed that move the network from
one state to another (say from an inflammatory response may function.
One of the most studied components of the cytokineto an noninflammatory one) by using small carefully con-
trolled interventions, rather than brute force. Of course, network is the regulation of Th1 and Th2 T cell growth
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produced by APC and IFNg produced by Th1 cells pro-
mote the maturation of Th1 cells and inhibit production
of Th2 cells. A diagram indicating some of the main
cytokine interactions and feedback loops involved is
shown in Figure 3.
A nonlinear dynamical model of this system could
take the form of a set of nonlinear differential equations
describing interactions between the key components.
These may include the cytokines IL-2, IL-4, IL-6, IL-12,
and IFNg. Each equation would describe the behavior
of one component of the system as a function of the
concentration of all the components. Numerical solu-
tions to these equations give information about the be-
havior of the system as a whole. A detailed model has
not been fully developed, but it is possible to show the
Figure 3. Cytokine Interactions Regulating Th1 and Th2 Differenti- form such a model might take. A simple model involving
ation
concentrations of Th1 and Th2 cells (or IFNg and IL-4)
would consist of a set of coupled nonlinear differential
equations, with the variables representing concentra-and differentiation. Th1 T cells are characterized by the
tions of different cell types and signaling molecules (see
profile of cytokines they secrete, namely, interleukin 2
legend for Figure 4). The functions f1 and f2 describe(IL-2), TNFa, and interferon-g (IFNg), and are responsible
standard dose-response curves that are familiar to ex-
for cell-mediated immune responses and inflammation perimental immunologists and show the response of the
(type 1 responses). Th2 T cells, on the other hand, se- system as a function of the concentration of one (or
crete IL-4, IL-5, IL-10, and IL-13 and are required for more) components (Figure 4).
optimal antibody production, particularly IgE, which is Considerable information about the behavior of the
responsible for allergy (type 2 responses) (Abbas et al., system can be obtained from these models, even with-
1996; Romagnani, 1997). A great deal of research has out rigorous mathematical solutions being found for the
recently focused on the regulation of type 1 and 2 re- equations. One useful tool for this is the concept of state
sponses, because it has become clear that the wrong space. This is a graph where each axis represents one
response can give rise to disease. For example, type 1 of the determining variables of the system. A point on
responses have been implicated in chronic inflammatory the graph then represents any particular state of the
diseases such as rheumatoid arthritis, whereas type 2 system. Thus, a graph of the state space for Th1 and
responses may result in persistent bacterial (e.g., tuber- Th2 responses could have the concentration of Th1 cy-
culosis or leprosy) and parasitic (e.g., leishmaniasis) in- tokines on the x axis and that of Th2 on the y axis. On
fections and are responsible for allergic disease. In these such a graph, it is possible to plot curves where there
cases, therapeutic intervention that promotes switching is no change in the concentration of Th1 or Th2 cytokines
from one type of response to another may enable a cure. over time. Mathematically this is expressed by setting
Following activation of precursor Th cells (THp) by the differential equations shown in the legend for Figure
antigen-presenting cells (APC) that have taken up anti- 4 to zero: d[Th1]/dt 5 0 and d[Th2]/dt 5 0. These lines,
gen, the maturation and ultimate stability of the Th1 and termed the Th1 and Th2 nullclines, respectively, are
Th2 T cell subsets is a function of the cytokines they shown in Figure 5A.
themselves secrete. Thus, IL-4 is essential for the differ- A great deal of information about the behavior of the
entiation of precursor Thp cells into Th2 and at the same system can be gained simply by inspection of these
time inhibits production of proinflammatory cytokines by nullcline plots. For example, the points where nullclines
antigen-presenting cells and development of Th1 cells intersect correspond to conditions where neither Th1
nor Th2 concentrations are changing over time and(Abbas et al., 1996; Romagnani, 1997). Similarly, IL-12
Figure 4. Dose-Response Curves for Th1
and Th2 Cytokines
The production of Th1 and Th2 cytokines
would be expected to be dependent on the
concentration of Th1 and Th2 cytokines as
shown in these figures. Thus, the production
of Th1 cytokines would be maximal at high
concentrations of Th1 and low concentra-
tions of Th2 (A), while the reverse would be
seen for Th2 cytokines (B). These curves can be used to describe the behavior of Th1 and Th2 cytokines in the coupled differential equations.
d[Th1]
dt
5 a1 1 f1([Th1],[Th2]) 2 m1[Th1] (1)
d[Th2]
dt
5 a2 1 f2([Th1],[Th2]) 2 m2[Th2] (2)
where [Th1] and [Th2] are the concentrations of Th1 and Th2 cytokines, and a1 and a2 are the activation signals such as IL-12 delivered by
the antigen-presenting cells that induce the Th1 and Th2 responses. The functions f1([Th1],[Th2]) and f2([Th1],[Th2]) describe the dose-response
graphs for Th1 and Th2 shown in the figure. The terms m1[Th1] and m2[Th2] describe the clearance of Th1 and Th2 cytokines.
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Figure 5. Nullclines with an Equlibrium Point,
and Trajectories Converging to a Stable Equi-
librium
Nullclines with a single equilibrium point (A)
and the trajectories (B) for Th1 and Th2 dy-
namics in the absence of antigen stimulation.
hence the system is in equilibrium. Equilibria may be response in the absence of a Th2 response. If the Th1
dose-response curves shown in Figure 4 are shallow,stable or unstable. In stable equilibria, small perturba-
increasing the activation signal for Th1 in the absencetions are transient and the system will move back to the
of an activation signal for Th2 will cause the equilibriumequilibrium point. In unstable equilibria, small perturba-
shown in Figure 5 to move smoothly to the right. Thistions result in the system changing into another state.
corresponds to a Th1 response in the absence of a Th2In the Th1 and Th2 example shown in Figure 5A, there
response. If, however, the Th1 dose-response curvesis only one equilibrium point (where the concentrations
are steeper, as expected in a real life situation, we obtainof Th1 and Th2 do not change). In this case, it can be
a completely different nullcline pattern (Figure 6A), andshown that the equilibrium is globally stable. This means
the system behaves in a more complex manner. Wethat if you start at any other point in parameter space
now have three equilibria: two stable and one unstablewhere the concentrations of Th1 and Th2 cytokines are
(Figure 6A). In addition, a separatrix curve can be drawnnot in equilibrium, the system will converge to the equi-
to separate those initial conditions that converge to onelibrium point following a particular trajectory through the
stable equilibrium from those that converge to the otherstate space (Figure 5B).
(Figure 6B). This means that depending on the exactDifferent sets of Th1 and Th2 nullclines can be ob-
initial conditions, the system may settle either to a lowtained by consideration of the dose-response graphs
or high Th1 cell number. More significantly, as the activa-shown in Figure 4 and the differential equations given
tion signal for the Th1 response is gradually increased,in the legend. For further information about this process
the Th1 nullcline curve shown in Figure 6A will movesee for instance chapters 7 and 10 and appendix B of
upward, the two left-hand equilibria will suddenly van-
Othmer et al., 1997. Essentially three types of behavior
ish, and the system will converge to the only remaining
are seen depending on the strength and type of activa- equilibrium corresponding to a high Th1 concentration.
tion signals delivered to the Th cells by antigen-present- If the system was previously at the left-hand stable equi-
ing cells. The factors that determine the activation signal librium, it will suddenly jump to the right-hand equilib-
include antigen processing and presentation, produc- rium. This means that a very small increase in the Th1
tion of cytokines such as IL-12, and expression of co- activation signal can lead to a large increase in the Th1
stimulatory molecules such as CD40, OX40, and CD80/ response. Furthermore, as the activation signal is re-
86. The first type of behavior shown in Figure 5A occurs duced, the Th1 response will not fall back immediately
in the absence of significant activation for either Th1 or to the low Th1 equilibrium. In other words, the transitions
Th2. In this case there is a single equilibrium point. As from low to high and from high to low occur at different
discussed above, any perturbation of the system is tran- levels of activation signal. This is called hysteresis. Al-
sient and levels of Th1 and Th2 will always return to the though we have only considered a Th1 response in the
equilibrium point where Th1 and Th2 responses are low absence of a Th2 response, an identical argument will
or absent. This is exactly the behavior that we would hold for a Th2 response in the absence of a Th1 re-
intuitively expect in the absence of any antigenic stimu- sponse.
lation. The pattern of behavior described for Th1 (or Th2)
Much more complex behavior can occur on antigenic responses may have significant therapeutic implica-
tions. For example, if the high response represents Th1stimulation. To illustrate this we will first consider a Th1
Figure 6. Nullclines with Equilibria and Tra-
jectories for Intermediate Th1 Activation
Nullclines with stable and unstable equilibria
(A) and trajectories (B) for Th1 and Th2 dy-
namics that result from Th1 but not Th2 acti-
vation.
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Figure 7. Nullclines with Equilibria and Tra-
jectories for Intermediate Th1 and Th2 Acti-
vation
Nullclines with stable and unstable equilibria
(A) and trajectories (B) for Th1 and Th2 dy-
namics that result from activation of both Th1
and Th2 responses.
cells in an inflammatory disease such as rheumatoid have little or no effect. This means that minor changes
in cytokine concentrations or kinetics of productionarthritis, decreasing the initial activation signal that in-
duced the response may have no effect on the disease could in principle have major effects on the network as
a whole or on a component of the network. An exampleprocess until it can be reduced to a critical level well
below that required to provoke the disease in the first described above is the TNFa gene dose effect, where
wild-type mice with two functional TNFa genes produceplace.
A third scenario to be considered is when activation up to 100 times more TNFa in response to LPS than
heterozygotes with only one functional TNFa gene. Con-signals for both Th1 and Th2 responses are present.
This is perhaps the most common situation in the early versely, big changes in some components can have
small effects such as the normal immune function instages of a T cell response, where cytokines and cell
surface molecules involved in both Th1 and Th2 type IL-2 knockout mice. This is likely to be very important
for understanding the association between cytokine oractivation can be present. In this setting a variety of
complex behaviors is seen and examples of the possible cytokine receptor polymorphisms and disease.
(3) Some components of nonlinear networks will benullclines, equilibria, and trajectories are shown in Figure
7. There are two stable equilibria, one corresponding to essential for stability of the network as a whole and/or
existence of an attractor whereas others may not bea Th1 response and the other to a Th2 response (the
three other equlibria are unstable). The final state of the required. For example, mutations in the IL-2Rg chain
result in a severe T cell and B cell immunodeficiency,system (Th1 or Th2) will depend crucially on the starting
conditions. Thus, the system is very dependent on the whereas IL-4 seems only to be required for IgE produc-
tion. The latter is often called cytokine redundancy; thatinitial conditions, and small changes in the cytokine envi-
ronment or the nature of the antigen presentation can is, cytokines with apparently similar activities can re-
place the function of one another. Pairs of cytokineshave large consequences with respect to the final nature
of the immune response. In addition we would expect with similar activities include IL-1a and IL-1b, IL-4 and
IL-13, and IL-2 and IL-15. However, these pairs of cyto-hysteresis to be seen in the conversion of a Th1 equilib-
rium to a Th2 (or vice versa), which has clear implications kines do not occupy the same position in the network,
and it is more likely that the network as a whole canfor understanding the pathogenesis of diseases such
as rheumatoid arthritis (Th1) and atopic dermatitis (Th2) remain stable in the absence of some components than
that one cytokine can cover for the absence of another.and developing therapeutic strategies to convert one
type of response to another. (4) Perhaps one of the most interesting and unex-
pected properties of complex nonlinear networks is their
tendency to occupy a limited number of stable statesGeneral Properties of Nonlinear Networks
The nonlinear dynamical modeling of Th1 and Th2 T cell out of the theoretically huge numbers of states available
to them. These attractors often have great stability. Indifferentiation given above shows that the system can
have properties that may not be obvious from biological/ the example given above, these attractors may be re-
sponsible for Th1 and Th2 differentiation.experimental considerations alone. Such complex non-
linear systems will commonly have properties that are (5) Finally, both regular and irregular oscillations are
often found in complex networks. These may be respon-not intuitive but which can have important biological
implications. These include the following. sible for properties such as diurnal rhythms in cytokine
levels and febrile cycles in inflammatory or infectious(1) It will not normally be possible to predict the behav-
ior of the cytokine network even if all the major compo- diseases and for other recurrent illnesses such as famil-
ial Mediterranean fever or juvenile chronic arthritis.nents are known and characterized. A good example of
this property has been the inability in advance to predict
the effect of cytokine or cytokine receptor gene inactiva- Final Word
Mathematical models will not replace laboratory experi-tion experiments. Notable examples are the apparent
immunological normality of IL-2 knockouts (Schorle et mentation, but they do have an important complemen-
tary role for understanding the complexities of the cyto-al., 1991) and the unexpected effect of LIF knockouts on
embryo implantation with little effect on hematopoietic kine network and other biological systems. Such models
cannot incorporate every component of the network, asdevelopment (Stewart et al., 1992).
(2) Small changes in some components of nonlinear the model itself would then be impossible to analyze.
Rather, they should be considered as virtual laboratoriesnetworks can have big effects whereas big changes may
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in which numerical experiments can be performed that
could not otherwise be undertaken. Such virtual experi-
ments can deal with more parameters than in vitro or in
vivo experimentation and can give insights not available
through more conventional investigations. A dialogue
between the two disciplines is required. The biologists
should define the problem and provide quantitative in-
formation about the system from which a model can be
constructed. Mathematical analysis of the model can
then make predictions about the behavior of the biologi-
cal system that can be tested in the laboratory. The
more refined data obtained from these experiments can
then be fed back into the model. By this iterative pro-
cess, mathematics and biology can combine to give a
deeper understanding of the cytokine network and other
biological processes.
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